Abstract Land Surface Models (LSMs) are essential to reproduce biophysical processes modulated by vegetation and to predict the future evolution of the land-climate system. To assess the performance of an ensemble of LSMs (JSBACH, JULES, ORCHIDEE, CLM, and LPJ-GUESS) a consistent set of land surface energy fluxes and leaf area index (LAI) has been generated. Relationships of interannual variations of modeled surface fluxes and LAI changes have been analyzed at global scale across climatological gradients and compared with those obtained from satellite-based products. Model-specific strengths and deficiencies were diagnosed for tree and grass biomes. Results show that the responses of grasses are generally well represented in models with respect to the observed interplay between turbulent fluxes and LAI, increasing the confidence on how the LAI-dependent partition of net radiation into latent and sensible heat are simulated. On the contrary, modeled forest responses are characterized by systematic bias in the relation between the year-to-year variability in LAI and net radiation in cold and temperate climates, ultimately affecting the amount of absorbed radiation due to LAI-related effects on surface albedo. In addition, for tree biomes, the relationships between LAI and turbulent fluxes appear to contradict the experimental evidences. The dominance of the transpiration-driven over the observed albedo-driven effects might suggest that LSMs have the incorrect balance of these two processes. Such mismatches shed light on the limitations of our current understanding and process representation of the vegetation control on the surface energy balance and help to identify critical areas for model improvement.
Introduction
Variations in the structure and density of vegetation influence land surface fluxes by affecting the water and energy exchange between the Earth surface and the atmosphere (Arora & Montenegro, 2011; McPherson, 2007) . Leaf area in particular plays a key role in determining resistances to heat, moisture, and momentum transfer (Bright et al., 2015) . Its representation has been included as a key prognostic variable in the last generation of Land Surface Models (LSMs) and its interactions with biophysics, hydrology, and biogeochemistry are represented through equations of different complexity (Bonan, 2008; Piao et al., 2013) . Being key components of Earth System Models, LSMs are now widely applied as supporting tools for policy relevant scientific assessment of climate change and its impact on terrestrial ecosystems IPCC, 2013; Qu er e et al., 2018) . However, there is still limited knowledge of the LSMs performance in representing the net effect of changes in vegetation density on the climate system (de Noblet-Ducoudr e et al., 2012; Zhang et al., 2016) . This is particularly relevant in light of the observed global greening (Zhu et al., 2016) that may impact on regional climates through changes in leaf area index (LAI) (Forzieri et al., 2017; Zeng et al., 2017) . Evaluating LSMs for the interplay between the surface energy budget and vegetation density (leaf area) is therefore essential to reduce their uncertainty and improve the representation of biophysical effects.
Surface Model Benchmarking Evaluation Project (PLUMBER; Best et al., 2015) have contributed significantly to lay the basis in this research field. Recently, the Protocol for the Analysis of Land Surface Models (PALS)-a free online Land Surface Model application-has been developed to assist in LSM evaluation (Abramowitz, 2012 ).
Direct observations available from field experiments and flux tower data (Baldocchi et al., 2001) are widely utilized for model performance evaluation (e.g., Best et al., 2015; Blyth et al., 2009; Williams et al., 2009 ). However, surface observations, while generally considered the most reliable reference, are limited to few selected locations and can only partially characterize the spatiotemporal variability of the global processes reproduced in LSMs. Global gridded data sets derived by up-scaling ground observations via statistical techniques (e.g., Jung et al., 2009; Tramontana et al., 2016 ) may solve the above-mentioned issue. However, such products have shown limitations in capturing the spatial and temporal variability of biophysical processes, thus hampering the analysis at large scales and over multiple years (Anav et al., 2015; Marcolla et al., 2017; Schimel et al., 2015) . Model performance has been also evaluated against standardized experiments of well-accepted models (Dai et al., 2003) , previous versions of the models or the ensemble mean of multiple models (Chen et al., 1997) . However, such evaluations implicitly neglect the possibility that the considered reference model or experiment might be biased (Best et al., 2015) . Other approaches compare model outputs with statistically based model results (Abramowitz, 2005) . These approaches offer valuable advantages, such as the possibility to quantify the effective use of the available information used in models (Blyth et al., 2011 ), yet they have been applied only for specific environmental conditions. The increasing availability of extensive satellite Earth observations represents an important additional source of information to retrieve biophysical land and climate parameters from multiple observations, or from the combination of observations with relatively simple or empirically derived model formulations. Such datadriven products represent valuable tools to derive observation-based diagnostics that may serve as reference across different spatial and temporal scales (Kelley et al., 2013; Maignan et al., 2011; Randerson et al., 2009 ).
Existing evaluation systems of vegetation processes have mostly analyzed the model capability in reproducing single targeted processes or variables. They typically focused on assessing model performance on phenology and dynamics of vegetation greenness (Forkel et al., 2014; MacBean et al., 2015; Murray-Tortarolo et al., 2013) . As example, an intermodel comparison study showed an overall tendency of LSMs to overestimate annual average LAI, seasonal amplitude and length of the growing season (Murray-Tortarolo et al., 2013) . While these approaches are useful to quantify the model accuracy in the magnitude of the simulated vegetation metrics, they do not support a broader model evaluation where multiple processes and variables may covary. Such limitations inevitably hamper a comprehensive assessment of the modeled interplay between vegetation and biophysics. To this respect, evaluating Land Surface Models on functional relationships between variables and across climatological gradients may be particularly effective, especially in light of the key role of background climate conditions in modulating water and energy exchanges (Forzieri et al., 2017; Pitman et al., 2011) .
Disentangling vegetation-mediated biophysical processes in LSMs is not straightforward, especially when they are coupled with climate models whose signal (and biases) may largely determine the response of the land surface (Blyth et al., 2011; Winckler et al., 2016) . Furthermore, differences in reference plant functional types (PFTs) and climate forcing across LSMs may hinder the development of a consistent comparison. In order to reduce potential methodological biases, evaluating multiple LSMs on their capacity to reproduce vegetation-mediated land-atmosphere interactions requires the use of a common modeling framework.
In this study, we present a novel evaluation framework to assess model capacity in reproducing land surface-atmosphere energy exchanges modulated by vegetation density. Through a collaborative effort of different modeling groups developed within the LUC4C project (Land use change: assessing the net climate forcing, and options for climate change mitigation and adaptation, http://luc4c.eu/), a consistent set of land surface energy fluxes and LAI dynamics has been generated from multiple LSMs. Relationships of interannual covariations of modeled surface fluxes and LAI changes have been analyzed at global scale across climatological gradients and compared with satellite-based products. A set of scoring metrics is used to assess the overall models' performance, and a detailed analysis in the climate space is provided to diagnose model strengths and deficiencies associated to background climate conditions. Results may help to guide future developments for improved representation of biophysical processes in land-atmosphere models.
Materials and Methods

Observation-Based Products
Multiple remote sensing products were employed to derive observation-based information for the interplay between vegetation and biophysics. The chosen LAI and energy fluxes data sets are independent of any LSM considered (not utilized for model's calibration or development), have global (or quasi global) coverage, span over multiple years, have spatial and temporal resolutions suitable for the purposes of the study with documented high accuracies.
Net radiation (RN) was retrieved from the Clouds and the Earth's Radiant Energy System (CERES SYN1deg, http://ceres.larc.nasa.gov/) (Wielicki et al., 1996) onboard Terra, Aqua, and the Tropical Rainfall Measuring Mission (TRMM). Latent heat (LE) was derived from observational-based evapotranspiration data generated from the Global Land Evaporation Amsterdam Model Version 2b (GLEAM v2B, http://www.gleam.eu/) (Martens et al., 2016; Miralles et al., 2011) and accounting for latent heat of vaporization (Dingman, 2015) . The sum of sensible and ground heat fluxes (H 1 G) was obtained from the closure of the energy balance by subtracting LE from RN. Daily means of energy fluxes were computed after a preliminary gap-filling processing applied via temporal linear interpolation (Miralles et al., 2011) .
In order to characterize the vegetation density, we used the LAI product derived from the Global Inventory Modeling and Mapping Studies Normalized Difference Vegetation Index (GIMMS3g, http://cliveg.bu.edu/ modismisr/lai3g-fpar3g.html) that was based on the combination of the Advanced Very High Resolution Radiometer (AVHRR) and Moderate Resolution Imaging Spectroradiometer (MODIS) sensors. This product was preferred with respect to alternative LAI products (e.g., GLASS LAI) for its improved harmonization on multisensor records (Forzieri et al., 2017) .
Climate dynamics over the last decades were derived from global gridded precipitation (P) and air temperature (T) data obtained from the CRU-NCEP product based on the interpolation of climate station records and reanalysis data (version 6, https://crudata.uea.ac.uk/cru/data/ncep/).
In addition, we used data sets of PFTs derived from the 2010 land cover map (2008-2012 reference period) of the European Space Agency's Climate Change Initiative (ESA-CCI, https://www.esa-landcover-cci.org/). The procedure to pass from categorical land cover classes to continuous PFT maps involved the crosswalking procedure described in Poulter et al. (2015) , with the exception that we used a simplified table to generate seven PFTs including: tree broadleaf evergreen, tree broadleaf deciduous, tree needleleaf (evergreen and deciduous), shrub, natural grass, managed grass, and bare soil (supporting information Figure  S1 ). We derived the respective cover fraction for each PFT. A further aggregation to two broad PFT classes based on physiognomy alone was used here to synthesize results: grass (including natural and managed grasses) and trees (including broadleaf and needleleaf trees) (Figure 1 ). Finally, we used the Global Map of Irrigation Areas, GMIA (http://www.fao.org/nr/water/aquastat/irrigationmap/index.stm) to identify areas Trees Grasses Figure 1 . Spatial domains of grasses and trees. Selection of pixels used in this work, which have a cover fraction 60% for the broad PFT classes ''grasses'' and ''trees'' derived from the ESA-CCI land cover map and with <10% of irrigated area derived from the GMIA product.
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affected by irrigation. This map was derived from statistical census data and provides the percentage of irrigated area per grid cell in 2005. Spatial and temporal characteristics of the observation-based products are listed in Table 1 .
Land Surface Simulations
We assess the performance of five LSMs: JSBACH (Raddatz et al., 2007) , JULES Clark et al., 2011) , ORCHIDEE (Krinner et al., 2005) , CLM version 4.5 (Lawrence et al., 2011) , and LPJ-GUESS (Smith et al., 2014) . LSMs are mechanistic models of the land surface and simulate the water, energy, and carbon exchanges between the atmosphere and the Earth surface, and are designed to be incorporated into Earth system models. Amongst the LSMs tested, only CLM and LPJ-GUESS incorporate carbon-nitrogen interactions and only LPJ-GUESS includes competition amongst PFTs.
We used a dedicated set of LSM simulations forced with historic climatic CRU-NCEP data and CO 2 concentrations consistent with the TRENDY S2 protocol (Sitch et al., 2015) . A 500 years spin-up period was used to balance the biomass pools and LAI, then transient climate and CO 2 from 1901 onward. Simulations for the period 2000-2014 were used for the model performance evaluation (CO 2 concentrations raised from 369 to 399 ppm over the reference period). To better disentangle the dynamics associated to the land surface processes from the climate signal, and to isolate the effect of individual PFTs, the runs considered an idealized configuration with grid cells containing only fully homogeneous vegetation cover. These PFT-specific model runs were used to overcome the limitation of LSMs that typically do not compute the energy budget for each PFT in a grid cell and instead output the average surface fluxes of the mixture of coexisting PFTs. Similarly, LSMs do not generally represent differences in soil hydrology for each PFT, instead a single soil column is modeled in each grid cell and all PFTs interact with this hydrology (Schultz et al., 2016) . On the contrary, in our model experiment, the different PFTs have their specific soil column and the energy fluxes are not affected by soil moisture feedbacks from other PFTs. Ultimately, modeling pure PFTs and then recomposing them according to the actual fractions of the vegetation distribution allows to better isolate the signal of the vegetation cover on the surface energy budget. Following this logic, we performed as many runs as model PFTs, each providing the dynamics-prognostically calculated at hourly time step-of the land surface energy fluxes (RN, LE, and H 1 G) and LAI (note LPJ-GUESS does not explicitly solve the land surface energy balance and only provides daily values for LE and LAI). Model output were provided in equally spaced 0.58 geographic grid (JSBACH, CLM, LPJ-GUESS), in 18 Gaussian grid (ORCHIDEE) or in 1.8758 3 1.258 (longitude 3 latitude) grid (JULES). Single PFT model runs were then aggregated to the 7 PFT class maps according to ESA-CCI (6 PFT class maps for models with no shrubs class) ( Table 2 ). These maps incorporate climatic information based on the K€ oppen-Geiger classification to distinguish tropical, temperate, arid, and boreal types (Kottek et al., 2006) , as well as different photosynthetic pathways as derived from the global distribution of C3 and C4 vegetation (Knorr & Heimann, 2001) . The implicit assumptions with these simulations are that (1) the energy and water fluxes of a given PFT in a pure cell are comparable with those of the same PFT in a mixed cell and (2) potential feedbacks due to the land-atmosphere interactions were excluded since all simulations were forced with observed climate. More details on the model setup protocol are described in Duveiller et al. (2018) .
From this data set, we created a representation of the land surface fluxes and LAI in the last decade accounting for the current mixture of diverse PFTs on the Earth surface as derived from the ESA-CCI land cover map. To this aim, a weighted sum of the PFT-specific runs was computed, separately for each model Table 2 Look-Up and variable, and based on the cover fractions of each grid cell. The objective of this approach was to minimize the intermodel spread due to the model-specific PFT distributions and to the different strategies used to represent subgrid land heterogeneity across models. The additive composition of the PFT-specific simulations implicitly assumed independent dynamics of each PFT. Note that since LPJ-GUESS works with various PFTs competing to simulate a given ecosystems, several PFTs have been simultaneously used for each vegetation type. The integration of competition amongst PFTs makes LPJ-GUESS output different from those of the other models; however, the specific model LPJ-GUESS runs performed were designed to allow for intermodel comparability (Table 2) . We believe that these differences do not affect our results and conclusions.
Evaluation Framework
The proposed evaluation framework focused on the covariation between LAI and the terms of the energy balance equation:
In order to assess the interplay between biophysical processes and changes in vegetation density, we analyzed the year-to-year variations in each variable of equation (1) with respect to year-to-year variations in LAI. Such approach based on the difference between two consecutive years (D operator) preserved the resulting features from possible long-term dependencies on covariates (e.g., the combined effect of rising temperatures and CO 2 concentrations on long-term LAI trends).
Relations between DZ (where Z is one of the terms in equation (1)) and DLAI were explored across climatological gradients of temperature and precipitation. For this purpose DZ, DLAI and the climatological temperature (or precipitation) were calculated for each pixel and for each year-to-year time step. The set of multiyear values derived from the global domain was used to characterize the bioclimatic spaces representing the vegetation-biophysics relations under average climate conditions. The bioclimatic spaces are built by binning DZ values as a function of DLAI and the climatological median of air temperature (Tspace) or precipitation (P-space) over a predefined grid with cell size of 1/30 of the range of variability corresponding to bands of 0.07 m 2 m 22 , 1.28C, and 130 mm, respectively. Only bins with at least five values were accounted for and the corresponding median was considered representative of the given bin. The analysis was performed for annual and monthly average values from both remote sensing and land surface simulations, after a preliminary resampling of the data to the common 18 spatial resolution and masking over the same spatial domain. For the monthly scale investigation, the D values are calculated as difference between the same months of two consecutive years. To quantify the uncertainty in the observed bioclimatic spaces of given vegetation type and land surface flux, the t test was applied to the DZ distribution of each bin to assess the statistical significance of the difference from a 0-mean distribution. Similarly, DZ values derived from remote sensing data and model outputs were analyzed for each bin of the bioclimatic spaces by the Welch's unequal variances t test to assess the statistical significance of the differences between the two samples. To facilitate the integration of data from areas with largely different climate and LAI, the interannual differences were expressed in relative terms as well, i.e., divided by the local multiyear median.
In order to assess possible vegetation-specific patterns, the bioclimatic spaces were separately examined for the two broad PFT classes of grasses and trees. These classes were selected based on the simplified PFT maps in which pixels of grasses or trees covered at least 60% of the grid cell area and comprised less than 10% of irrigated area ( Figure 1 ). We masked areas substantially affected by irrigation to better disentangle the observed LAI-biophysics relation across the precipitation gradient. To assess the robustness of our results to different degrees of pixel homogeneity and irrigation, bioclimatic spaces were also derived using cells with cover fractions ranging from 50% to 90% and irrigation fractions from 10% to 50%; areas with cover fraction of ice and water larger than 5% were masked out in all experiments.
Model performance was assessed by comparing the bioclimatic spaces derived from simulations with those derived from remote sensing through a set of scoring metrics. The percent bias (PBIAS) was employed to quantify the average tendency of the simulated absolute values to be larger or smaller than observed absolute values (Gupta et al., 1999 was utilized to measure the magnitude of the deviation between model and observations, while the Spearman coefficient (q) was used to assess the degree of spatial correlation between model output and observations. Scoring metrics were calculated by comparing pairs of modeled and observed DZ values derived from each bin of a given bioclimatic space. They integrate the model-data displacement over the whole climatological space and the full spectrum of LAI variability and allow identifying the agreement between observed and modeled sensitivities of net radiation, latent fluxes, and sensible and ground fluxes to variation in LAI across the different climates.
In order to retrieve spatially explicit information on the observed/modeled relation between energy fluxes and vegetation, temporal correlation maps between DZ and DLAI were computed in terms of Spearman rank, quantified for each pixel over a centered 38 3 38 spatial window.
We point out that evaluating model performance with respect to functional relationships as derived from the bioclimatic spaces is particularly effective given the unknown local-scale uncertainties in data and the potential biases induced by the climate forcings in the modeled land surface responses (Luo et al., 2012; Randerson et al., 2009) . This is particularly relevant in light of the differences in interannual variability observed across multiple LAI products (Jiang et al., 2017) . In order to evaluate the functional relationships with respect to their single drivers, the afore-mentioned assessment was complemented with an evaluation on model capability to reproduce the year-to-year variability of single variables (DLAI S , DRN S , DLE S , and D(H 1 G) S ) against remote sensing estimates in terms of PBIAS, RMSE, and q. For this exercise grid cell values were used.
Results
Observation-Based and Model-Based Vegetation-Biophysics Interplay Across Climatological Gradients
We first focus on the observed bioclimatic spaces for trees and grasses ( Figure 2 ). Then, we assess model performance in representing the interannual variability of the single variables ( Figure 3 ) and the covariability of multiple variables as represented by the bioclimatic spaces (Figures 4-7) separately for each model and vegetation biome. In order to identify model strengths and deficiencies with respect to different climate background conditions, each modeled bioclimatic space is analyzed and compared with observations across a range of different temperature and precipitation fields. Model limitations and mechanisms potentially responsible of data-model discrepancies are diagnosed and synthesized in Table 3 . The emphasis of the model-observation comparison is on the role of the background climate in mediating vegetationbiophysics relations. Temporal correlation maps ( Figure 8 ) help to geolocalize the emerging patters from the bioclimatic spaces. 3.1.1. Remote Sensing Tree biomes. In cold-temperate and boreal tree biomes (T < 108C) and mostly under dry regime (P < 1,000 mm) observed interannual increases in LAI are associated with an increase in net radiation (Figures 2a and 2d, upper-left corner, p-value 0.05). The interplay likely results from the enhancement in absorbed radiation due to an increased masking of snow by vegetation and the consequent reduction of surface albedo. In warmer regions (T > 208C), similar increases in LAI are moderately associated with positive variations in net radiation (p-value 0.05) and are partially reflected in the turbulent fluxes, prominently in latent heat (Figures 2b and 2c ). Such positive relations between LAI and energy fluxes emerge distinctly from the temporal correlation maps over spatially consistent areas of boreal and tropical forests ( Figures  8a-8c) . In high and moderately high precipitation regimes (P > 2,000 mm), there is no clear relationship between LAI and the turbulent fluxes (Figures 2e and 2f ), which suggests that LAI does not control the latent heat flux and the high availability of surface water reduces the impact of vegetation on turbulent fluxes. Overall, observed features of net radiation in temperate climates and turbulent fluxes over most of the observed climatological gradients should be critically evaluated in light of the considerable uncertainty of the emerging signal.
Grass biomes. For grasslands in warm climates (T > 208C), the observed increase in net radiation in combination with rising LAI (Figure 2g , upper right corner) promotes latent heat fluxes (Figure 2h ) thanks to the high sensitivity of canopy conductance at moderate and low precipitation levels (P < 1,500 mm, Figure 2k ). As expected, sensible and ground heat fluxes show opposite patterns with respect to latent heat since they The interplay between turbulent fluxes and LAI emerges clearly with a more robust signal compared to trees (mostly p-value 0.05 over the explored climatological gradients). However, the vegetation-net radiation relation appears uncertain, particularly in cold and temperate regions (T < 208C), likely resulting from compensatory effects of radiative and nonradiative processes. -2f ). This likely originates from the model constraints based on threshold mechanisms: JSBACH has a fixed, PFT-specific, parameter for the maximum LAI that vegetation can reach. This parameter is quickly reached during the seasonal cycle, strongly influencing the annual mean value, such that the interannual variability in LAI is dampened. In addition, the parameterization of phenology may further influence the correct representation of the annual LAI average and then its year-to-year variations. According to Dalmonech et al. (2014) , JSBACH LAI should be in best agreement with observations in the midlatitude to high latitude, since there phenology is mostly driven by the seasonal course of temperature. However, our analysis shows poor model performance in capturing DLAI for these regions. This could indicate limitations of the phenology model to properly determine when the vegetation shifts between growth, vegetative, and dormancy phase should occur.
Relevant vegetation-biophysics interactions, such as the increase (decrease) in net radiation observed in combination with a positive (negative) LAI change in cold regions appear poorly represented in the model (compare upper-left/bottom-left corner in Figures 2a and 4a ). This could be connected to the limited model capacity to simulate LAI variations and the consequent interplay with surface energy fluxes (albedo effect). Overall, modeled dynamics in net radiation are moderately correlated to observed patterns (q 0.32, Figures 4a and 5a and spatial map in Figure 8d ), albeit the corresponding energy partitioning into turbulent fluxes shows some discrepancies across the climate gradients. Results show a negative spatial correlation between the latent heat and sensible heat variability (Figures 4b, 4c and 5b, 5c), consistently with the alternative pathways for the release of energy from the land surface observed on grass (Figures 2h, 2i and 2k, 2l) but not on tree biomes (Figures 2b, 2c and 2e, 2f) . The dominance of the transpiration-driven mechanism over the observed albedo-driven mechanism might suggest that JSBACH has the incorrect balance of these two processes (compare with observations in Figures 2a-2f) , but it is difficult to provide a conclusive interpretation due to the lack of LAI variability in the model.
Estimates of interplay between turbulent fluxes and LAI appear twofold larger in modeled bioclimatic spaces compared to observations (PBIAS 140% and RMSE 7 W m 22 ), particularly in warm and moderately wet climates (T > 208C and 1,000 mm < P < 2,000 mm) (Figures 4b, 4c and 5b, 5c). Changes in sensible and ground heat fluxes may be of opposite sign compared to observations in a considerable number of different bioclimatic conditions (Figures 4c and 5c ). These reverse relations emerge over time as well prominently in tree biomes of East Asia, Eastern North America, and part of the Amazonian forest ( Figure 8f to compare with Figure 8c ). Overall the model shows higher spatial correlations at bioclimatic level particularly for turbulent fluxes (Figures 4b, 4c and 5b, 5c), than at single-variable level (Figure 3c ), likely because of compensatory effects. 
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Grass biomes. Grasses growing season in JSBACH depends on temperature but also explicitly on soil moisture, and occurs whenever sufficient soil moisture is available and air temperature closed to the ground is larger than a critical air temperature. This approach seems to better represent processes in nature than tree phenology (summer green and evergreen) since modeled year-to-year variability of LAI in grasses appears largely consistent with observations ( Figure 3 ). This is well reflected by the range of LAI changes sampled in the bioclimatic spaces except in wet regions where JSBACH tend to underestimate DLAI (Figures 6a-6c ). In particular, the simulated bioclimatic spaces of turbulent fluxes show high level of agreement (q up to 0.84 and RMSE 5 W m 22 ). In contrast, the interplay between net radiation and LAI changes largely shows opposite pattern compared to observations (Figures 6a and 7a ). Underestimation of the DLAI particularly in boreal and temperate climates (T < 208C) under dry (P < 1,000 mm) and wet (P > 3,000 mm) regimes.
Saturation of LAI dynamics due to PFT-specific maximum LAI threshold.
Limitations of the phenology model to properly determine onset and end of the growing season. Interplay between LAI and net radiation poorly represented in boreal and temperate climates (T < 108C).
Likely linked to the underestimation of DLAI (see previous model limitation). Dominance of the transpiration-driven mechanism over the observed albedo-driven mechanisms (observational signal mostly not significant, p-value >0.05).
Incorrect balance of these two processes.
Sensitivity of turbulent fluxes to LAI appears twofold larger in modeled bioclimatic spaces compared to observations, particularly in warm and moderately wet climates (T > 208C and 1,000 mm < P < 2,000 mm).
Unclear
Changes in sensible and ground heat fluxes may be of opposite sign compared to observations (observational signal mostly not significant, p-value >0.05).
Grasses Sensitivity of net radiation to LAI changes shows opposite pattern compared to observations over large part of the explored climatological gradients (observational signal mostly not significant, p-value >0.05).
Underestimation of DLAI in wet regions Unclear JULES Trees Underestimation of DLAI across all the explored climate gradients except very dry regimes (P < 800 mm).
Seasonal maximum LAI constrained to the changes in total vegetation carbon.
Limitations of the phenology model to properly determine onset and end of the growing season. Interplay between LAI and net radiation poorly represented in boreal and temperate climates (T < 208C).
Likely linked to the underestimation of DLAI (see previous model limitation). Modeled dynamics in energy fluxes are weakly correlated to observed patterns, with possible reverse link (observational signal mostly not significant, p-value >0.05).
Dominance of the transpiration-driven mechanism over the observed albedo-driven mechanism (observational signal mostly not significant, p-value >0.05).
Possible errors in simulated snow cover in cold regions.
Underestimation of DLAI in wet regions. Model underestimates, or does not include, a process which limits the productivity and LAI of grasses. CLM Trees Overestimation of DLAI particularly in cold (T < 108C) and warm (T > 208C) regions under moderately wet regimes (P < 2,000 mm).
Parameterization of the dynamic carbon allocation scheme leading to an increased LAI sensitivity to interannual changes in carbon fluxes. Interplay between LAI and net radiation poorly represented in boreal and temperate climates (T < 208C).
Misrepresentation of the masking effect of snow by vegetation due to partial modeling of understory vegetation in low-density boreal forests. Underestimation of the sensitivity of biophysical processes to LAI changes.
Likely linked to the overestimation of DLAI (see previous model limitation). Modeled dynamics in net radiation are weakly correlated to observed patterns, with reverse link in high-latitude areas.
Changes in sensible and ground heat fluxes may be of opposite sign compared to observations (observational signal mostly not significant, p > 0.05).
Unclear Grasses
Overestimation of DLAI Parameterization of the dynamic carbon allocation scheme leading to an increased LAI sensitivity to interannual changes in carbon fluxes.
Limitations of the phenology model to properly determine onset and end of the growing season. Sensitivity of net radiation to LAI changes shows opposite pattern compared to observations in cold and temperate climates (T < 208C) under moderately wet conditions (P < 2,000 mm) (observational signal mostly not significant, p > 0.05).
Unclear
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3.1.3. JULES Tree biomes. JULES tends to underestimate substantially the year-to-year variability in LAI (PBIAS 266%, Figure 3a ). The bias emerges across all the explored climate gradients but in very dry regimes (P < 800 mm) (Figures 4d-4f and 5d-5f to compare with Figures 2a-2c and 2d-2f, respectively). There is little year-to-year variability in LAI because JULES does not contain a mechanism to change a tree's seasonal maximum LAI on this timescale. Seasonal maximum LAI is determined by an allometric relation to total vegetation carbon ; trees grow slowly and have large stores of vegetation carbon, so the year-to-year percentage change in tree vegetation carbon is very small. The parameterization of phenology provides a mechanism by which LAI can deviate from its seasonal maximum; phenology is represented by a binary leaf-on/leaf-off response to a PFT-dependent cold temperature threshold and so variations in the timing of leaf-on and leaf-off could cause year-to-year variation in annual mean LAI. The small variations in LAI in JULES mean that other processes are likely to control the year-to-year variations in surface energy fluxes.
The strong underestimation of interannual variations in LAI is likely the main responsible of the poor representation of the covariability between increase (decrease) in net radiation and positive (negative) LAI change (compare upper-left/bottom-left corner in Figures 4d and 2a) . Modeled dynamics in energy fluxes are weakly correlated to observed patterns (Figures 4d-4f and 5d-5f) and in some regions may even show opposite relations over time (e.g., net radiation in boreal trees in Russia and Canada, Figure 8g to compare with Figure 8a ). Large errors exist in the relationships between turbulent fluxes and LAI changes (PBIAS 100% and RMSE 5 6 W m 22 , Figures 4e, 4f and 5e, 5f); however, the model shows reasonable good spatial correlation values at single-variable level in simulating latent heat, and to a less extent of sensible and ground heat (Figure 3c ). JULES may be getting the right answer for the wrong reason; flux variability is well captured, but the mechanisms driving the variability are not correct.
There appears to be a negative spatial correlation between the latent heat and sensible heat variability (Figures 4e, 4f and 5e, 5f), suggesting that increases in latent heat reduce surface temperature and thus reduce the sensible heat flux, as observed for grasslands (Figures 2h, 2i and 2k, 2l) but not evident on tree biomes (Figures 2b, 2c and 2e, 2f) . The dominance of the transpiration-driven mechanism over the observed albedodriven mechanism might suggest that JULES has the incorrect balance of these two processes (compare with observations in Figures 2a-2f ), but it is hard to be sure, due to the lack of LAI variability in the model. Misrepresentation of the masking effect of snow by vegetation due to partial modeling of understory vegetation in low-density boreal forests. Dominance of the transpiration-driven mechanism over the observed albedo-driven mechanism (observational signal mostly not significant, p > 0.05).
Sensitivity of latent heat fluxes to LAI appears twofold larger in modeled bioclimatic spaces compared to observations, particularly in cold (T < 108C) and warm (T > 208C) moderately wet (P < 2,000 mm) climates
Too strong control of water stress on surface biophysics in dry areas.
Unclear
Grasses Sensitivity of net radiation to LAI changes shows opposite pattern compared to observations over large part of the explored climatological gradients (observational signal mostly not significant, p > 0.05).
Unclear LPJ-GUESS Trees Overestimation of DLAI in warm (T > 208C) moderately wet regimes (P < 2,000 mm).
Changes in latent heat are of opposite sign compared to observations in a considerable number of different bioclimatic conditions, particularly in tropical forests (observational signal mostly not significant, p > 0.05).
The annual carbon allocation scheme introduces an 1 year lag in the response of the plant leaf mass to the carbon uptake.
Grasses Slight tendency to overestimate year-to-year variability of LAI Unclear
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Grass biomes. Modeled year-to-year variability of LAI in grasses appears largely consistent with observations ( Figure 3 ) as also reflected across the explored climatological gradients (Figures 6d-6f and 7d-7f ). Grass PFTs grow rapidly and have low biomass, allowing LAI to vary by much more than in tree PFTs. Interplay between turbulent fluxes and LAI appears well represented and shows high level of agreement (q up to 0.75 and RMSE 6 W m 22 ). In contrast, the interplay between net radiation and LAI changes shows opposite pattern compared to observations under a number of different bioclimatic conditions (Figures 6d and 7d) . JULES tends to absorb more radiation when LAI is higher, while there is no clear signal in the observations. Over cold regions, the differences may be due to errors in simulated snow cover which could dominate year-to-year variability in net radiation. JULES does a good job at capturing the relationships between LAI and surface fluxes, but it underestimates LAI variability in wet regions, suggesting that the model underestimates, or does not include, a process which limits the productivity and LAI of grasses in humid areas. 
3.1.4. CLM Tree biomes. CLM substantially overestimates the year-to-year variability in LAI (PBIAS 66%, RMSE 5 3 m 2 m
22
, Figures 3a and 3b ) particularly in cold (T < 108C) and warm (T > 208C) regions and under moderately wet regimes (P < 2,000 mm) (Figures 4g-4i and 5g-5i to compare with Figures 2a-2c and 2d-2f, respectively) . This can potentially originate from the dynamic carbon allocation scheme, and its parameterized limitations for some plant functional types, like deciduous PFTs (Montan e et al., 2017) . The nitrogen limitation constraints in the calculation of productivity play an important role in the sensitivity to climate changes in boreal regions. The tight link with the water cycle via stomata conductance could lead to smaller changes in LAI in relatively moist regions while having a larger effect in dryer regions by reducing water stress (Lee et al., 2013) . CLM predicts LAI using an increasing profile with canopy depth, with no LAI threshold, which could lead to unrealistically high LAI values for certain forest PFTs (Ghimire et al., 2016) . We argue that such effects can potentially cause an increased LAI sensitivity to interannual changes in carbon fluxes, ultimately resulting in an overestimation of the year-to-year variations in LAI.
The positive spatial correlations between interannual variations in LAI and net radiation observed in cold climates appears poorly represented in the model (compare upper-left/bottom-left corner in Figures 4g and  2a) . Reverse patterns compared to observations are prominently evident in high-latitude boreal areas and in large part of Europe (Figure 8j ). This may result from a misrepresentation of the masking effect of snow by vegetation (and thus of surface albedo) that ultimately affects the amount of absorbed radiation, and could be linked to the fact that the model does not represent understory vegetation in low-density boreal forests. Opposite relations emerge between interannual LAI and turbulent fluxes as well compared to observations (Figures 4h, 4i and 5h, 5i) . Substantial divergences emerge in sensible and ground heat fluxes, particularly over Eastern and interior Asia and Eastern North America (Figure 8l to compare with Figure 8a ). In contrast, reasonable good model performance is found in reproducing single energy fluxes (Figure 3) . This, in combination with an overestimation of DLAI, leads to underestimate the interplay between biophysical processes and LAI changes (PBIAS < 220 and RMSE 5 4 W m 22 ) and to poorly reflect the covariability of vegetation and energy fluxes as suggested by low spatial correlation values (Figures 4g-4i and 5g-5i ).
Grass biomes. CLM tends to substantially overestimate LAI interannual variations over grasses (Figures 6g-6i and 7g-7i to compare with Figures 2g-2i and 2j-2l) as furthermore confirmed by the very high positive PBIAS found for the single DLAI variable (353%, Figure 3a) . Such overestimation appears consistent with what found for tree biomes; even though it is mainly driven by the same causes, it could be amplified by other factors. Onset and offset of phenological cycle of grass biomes are controlled in CLM by soil water availability, soil temperature, and day length. The parameterization adopted can potentially lead to several growing periods in 1 year or multiyear growing season that might, in some locations, not correspond with observations. This may ultimately affects the model capacity to properly reproduce observed interannual variability of LAI. The general patterns of the modeled bioclimatic spaces appear largely consistent with observations ( Figures 6g-6i and 7g-7i to compare with Figures 2g-2i and 2j-2l ). In particular, sensitivity of turbulent fluxes to LAI shows high level of agreement (q up to 0.7) with a slight tendency to underestimate fluctuations (PBIAS < 0, RMSE 6 W m 22 ) under large variations of LAI. Modeled net radiation show opposite direction of change compared to observations in cold and temperate climates (T < 208C) under moderately wet conditions (P < 2,000 mm). Such reverse relations emerge between interannual changes in LAI and turbulent fluxes as well, although limitedly to low variations in LAI. 3.1.5. ORCHIDEE Tree biomes. ORCHIDEE captures the year-to-year variability of LAI reasonably well compared to observations (Figure 3a) . This emerges across all the climatological gradients explored except in wet regimes (P > 2,000 mm) where a considerable underestimation occurs (Figures 5j-5l to compare with Figures 2d-2f) , mainly associated to an asymmetric distribution of DLAI with prevalent positive values. In ORCHIDEE, there is a maximum LAI threshold for each PFT. After reaching the maximum LAI, there is no biomass allocated to leaf and then LAI stop increasing. Such threshold mechanisms are likely responsible of the inconsistencies observed in tropical regions. Figures 4j and 2a). This pattern could originates from a misrepresentation of the masking effect of snow by vegetation (and thus of surface albedo) that ultimately affects the amount of absorbed radiation, and could be linked to the fact that the model does not represent understory vegetation in low-density boreal forests. The corresponding energy partitioning into turbulent fluxes shows some discrepancies across the climate gradients. A strong negative spatial correlation between the latent heat and sensible heat variability emerges clearly from model results (Figures 4k, 4l and 5k, 5l) that does not find correspondence with observations (Figures 2b, 2c and 2e, 2f) . As already mentioned for certain LSMs, there appears a clear dominance of the transpiration-driven mechanism over the observed albedo-driven mechanism (compare with observations in Figures 2a-2f ). This might suggest that ORCHIDEE has the incorrect balance of these two processes.
Estimates of sensitivity of latent heat fluxes to LAI appear twofold larger in modeled bioclimatic spaces compared to observations (PBIAS up to 131% and RMSE up to 8 W m 22 ), particularly in cold (T < 108C) and warm (T > 208C) moderately wet (P < 2,000 mm) climates (Figures 4k and 5k ). This may reflect that the water stress plays a too strong control so that LE is more tightly negatively coupled to LAI than observed in dry areas. Furthermore, changes in sensible and ground heat fluxes may be of opposite sign compared to observations in a considerable number of different bioclimatic conditions (Figures 4l and 5l ) prominently in Eastern Asia and Eastern North America ( Figure 8o to compare with Figure 8c ).
Grass biomes.
Modeled year-to-year variability of LAI in grasses appears largely consistent with observations with a slight tendency to overestimate observed patterns (Figures 3a, . In particular, the simulated bioclimatic spaces of turbulent fluxes show high level of agreement (q up to 0.83 in Figure  6k ). Sensitivity of net radiation to LAI changes shows opposite pattern compared to observations over large part of the explored climatological gradients (Figures 6j and 7j) . 3.1.6. LPJ-GUESS Tree biomes. LPJ-GUESS captures well the year-to-year variability of LAI (PBIAS 5 22%, Figure 3a) . This emerges across all the climatological gradients explored except in warm (T > 208C) moderately wet regimes (P < 2,000 mm), where a marked overestimation occurs (Figures 4m and 5m to compare with Figures 2b and 2e, respectively). Changes in latent heat are of opposite sign compared to observations and the other tested LSMs in a considerable number of different bioclimatic conditions (Figures 4m and 5m ). This is also reflected in negative spatial correlation values at bioclimatic space level (q 20.2). The negative relation between DLE and DLAI is evident in tropical forests, as emerging by the spatially consistent patterns of temporal correlation (Figure 8p ). The cause for the discrepancies to the observed interannual changes potentially originates from the annual carbon allocation scheme for trees, which introduces a 1 year lag in the response of the plant leaf mass to the carbon uptake.
Grass biomes. Modeled year-to-year variability of LAI in grasses appears largely consistent with observations with a slight tendency to overestimate (Figures 3a, 6m , and 7m). Simulated bioclimatic spaces of latent fluxes show a high level of agreement with observations (PBIAS 230, RMSE 6 W m 22 and q up to 0.67).
Intermodel Comparison
Single LSMs show similar performance across temperature and precipitation gradients (T-space versus Pspace), whereas a larger variability emerges across different scoring metrics, energy budget terms, and vegetation covers (Figure 9 ). Sensitivity of turbulent fluxes simulated above woody vegetation show larger bias compared to that one of net radiation while over grasses they present comparable patterns (Figures 9a and  9b ). Deviations in interannual variability of turbulent fluxes are up to twofold bigger than those on net radiation (RMSE 7 W m 22 in DLE and D(H 1 G) versus 3.5 W m 22 in DRN, Figures 9c and 9d) , except for ORCHIDEE that shows the contrary. Models mostly provide similar deviations across different vegetation covers; however, when the year-to-year differences in the latent fluxes are normalized by the annual average fluxes, grasses may show higher relative error compared to trees, given the larger absolute values of the latter vegetation type (supporting information Figures S2c and S2d) . Simulated bioclimatic spaces of grasses appear well reproduced and strongly correlated with observations, particularly for turbulent fluxes (q 0.7, Figures 9e and 9f) . A lower agreement emerges for trees that may even present negative spatial correlations for certain models/energy terms (e.g., notably for sensible and ground heat fluxes), thus suggesting a reversed LAI control on simulated biophysical processes compared to observations (discussed in the previous sections).
There is no overall best performing LSM resulting from the intermodel comparison, but individual models may outperform the others in specific metrics, surface energy fluxes, vegetation covers, and climate drivers. For instance, JSBACH and ORCHIDEE show generally higher capacity to reproduce the spatial patterns of the observed bioclimatic spaces (high spatial correlation values); JULES and CLM provide lower deviations in absolute terms (low RMSE values); and LPJ-GUESS generates near-zero PBIAS for latent heat flux. In contrast, ORCHIDEE shows lower performance in terms of RMSE; JSBACH and CLM have generally higher systematic biases (overestimating and underestimating observations, respectively); JULES and LPJ-GUESS are poorly correlated with observations compared to the other LSMs.
Comparison of observed-modeled bioclimatic spaces at seasonal scale reveals some common features across models ( Figure 10 ). LSMs tend to overestimate more prominently vegetation-biophysics relations during autumn-winter and produce more pronounced deviations of fluxes in spring-summer, particularly in net radiation and latent fluxes over grasses (Figures 10a-10l ). On the one hand, this apparent contradiction can be attributed to higher cloud cover during cold seasons that limits the acquisition capacity of surface properties from satellite sensors and potentially leads to an underestimation of the observational-based surface heat fluxes (observational bias). On the other hand, a more prominent model amplification of variability in fluxes during warm seasons can contribute to the emerging fluctuations in the scoring metrics (model bias). In addition, to the afore-mentioned reasons, the information conveyed by the chosen metrics could also partially explain the apparent contradiction between PBIAS and RMSE. LAI and energy fluxes are generally lower in autumn-winter so that small deviations likely produce large PBIAS. In contrast, LAI and energy fluxes in spring-summer are higher thus potentially leading to small percentage errors still resulting in large RSME (metric bias). No seasonal patterns emerge in terms of spatial correlations amongst observations and models (Figures 10m-10r ).
Sensitivity Analysis on Vegetation Cover and Irrigation Fraction
In order to evaluate the robustness of our results with respect to the masking procedure of the vegetation signal, we performed a sensitivity analysis of the annual-scale scoring metrics to variations in the threshold of cover fraction used to select grass and tree-covered grid cells. Results mostly reveal low variations in PBIAS and RMSE for increasing levels of within-pixel vegetation cover homogeneity (supporting information Figures S3a-S3l) . ORCHIDEE represents an exception showing a considerable reduction in the modeling errors for a threshold of trees cover fraction 70% to allocate a forest in a grid cell. Spatial correlation values tend to decrease with the assumed increasing threshold levels of cover fraction, more evident for trees (supporting information Figures S3m-S3r) , possibly as effect of the strong reduction in the sample size (supporting information Figure S3s) . Overall, the selected 60% threshold appears a good compromise to isolate the vegetation type-specific signal and preserve samples of suitable size for robust statistics.
A similar exercise has been developed to assess the sensitivity of results to the threshold used to exclude irrigated areas. Results show negligible variations of results in all scoring metrics, bioclimatic spaces, and vegetation biomes, to varying percentages of irrigation fraction, thus corroborating the robustness of our findings with respect to the 10% of irrigated area selected as threshold in this study (supporting information Figure S4 ).
Discussion and Conclusions
The evaluation framework proposed in this study has the objective to assess the capabilities of an ensemble of LSMs to reproduce the observed interplay between variation in vegetation density, expressed as LAI, and surface energy fluxes. In the following paragraphs, we present a synthesis on the possible strategies for model improvements suggested by this analysis. The strategies may be useful for other LSMs which share common features and parameterizations with JSBACH, JULES, CLM, ORCHIDEE, or LPJ-GUESS.
The analysis helped to (a) determining model-specific deficiencies, (b) diagnosing systematic errors common across models, (c) identifying vegetation-biophysics processes correctly represented across models, and (d) discriminating between models.
a. Model-specific mechanisms listed in Table 3 help to identify potential critical areas for model development and suggest directions for further investigation to improve our understanding and modeling capabilities. Deviations of different magnitude of the sensitivity of biophysical processes mediated by vegetation are found across the different land surface schemes. This leads to overestimation, underestimation, or even a change in sign of the energy fluxes attributed to changes in LAI compared to observations. Such incorrect representations of the biophysical processes affect model simulations of current and future response to climate and environmental change. Identifying rigorously the missing components or a relationship between components or the flawed representation of one or more components in LSMs is extremely complex due to the coevolution of multiple interacting processes and the diverse ways how they are implemented in each land surface scheme. The potential causes listed in Table 3 are those considered as the most plausible based on our knowledge; however, we cannot exclude that additional model biases/artifacts/processes may affect the performance in reproducing the sensitivity of biophysics to LAI changes. Furthermore, we recognize that for certain emerging model-data inconsistencies specific causes have not been clearly identified, thus additional inspections are needed to explain the potential sources of model limitations. b. Certain systematic errors have been found across the ensemble of LSMs. A marked misrepresentation of the interplay between the year-to-year variability in LAI and net radiation in cold and temperate climates emerges for tree coverage in 4 out of 5 models (JSBACH, JULES, CLM, and ORCHIDEE) (Figures 4 and 5) . This likely reflects an imprecise modeling of LAI-related effects on surface albedo and ultimately impacts the amount of absorbed radiation. Furthermore, a dominance of the transpiration-driven mechanism over the observed albedo-driven mechanism is found in 3 out of 5 models (JSBACH, JULES, and ORCHIDEE) possibly linked to an incorrect balance of these two processes. Sensitivity of net radiation to LAI changes appears poorly represented in grass coverage as well in cold and temperate climates, whose effects result on the energy partitioning (Figures 6 and 7) . Relations between interannual variations in sensible heat fluxes and LAI are of opposite sign than observed for trees across the whole set of LSMs and may lead to large biases in biophysical processes. However, a conclusive statement of the possible responsible mechanisms cannot be made.
The emerging systematic biases across models shed light on the current partial understanding of some key vegetation-mediated biophysical processes and how their (flawed) conceptualization is likely to be shared across models (Haughton et al., 2016) . In this respect, previous data-model comparison studies suggests that the misrepresentation of turbulent fluxes in LSMs is due to a limited use of the information content in the atmospheric forcing data (Best et al., 2015) . Based on our results, we argue that the representation of the vegetation control on the surface energy balance may represent a further important limitation in LSMs hampering their capability to mimic energy exchanges between the Earth surface and the atmosphere.
Possible common additional causes of discrepancies between observations and simulations could lie with the model capacity to reproduce the heterogeneity of biophysical processes, for instance due to orographic effects or variability in species composition, which our evaluation system does not allow to properly quantify. Noteworthy, the observation-based diagnostics have shown a certain degree of uncertainty in cold-temperate climates especially on sensible and ground heat fluxes for trees, and net radiation for grasses, as evident from the number of bioclimatic conditions where the observational signal is not significant (p > 0.05, Figures 2c, 2f and 2g, 2j) . Furthermore, the variance in any time series of observed data is necessarily affected by noise in space and time due to instrumental accuracy (Vinnikov et al., 1996) . As a consequence, random errors in the observations are likely leading to an underestimation of the actual relationships between LAI and the components of the energy balance ( Figure 2 ). Such additional source of observational uncertainty could partially explain some emerging data-model discrepancies, in particular with regards to the overestimation of the modeled LAI control on turbulent fluxes compared to observations (Figures 4-7 versus 2). However, in this study the magnitude of random errors in satellite retrievals has been minimized by the averaging of the observed data across large spatial domains. Additional techniques to account for the instrumental noise effects could be further integrated to improve the assessment of model performance (Dirmeyer et al., 2016) . The synergic use of multiple alternative and independent global scale observation-based products and detailed in situ measurements (Kumar et al., 2012) could surely enhance this assessment. Deviations between models and observations may also originate from uncertainty in the climate forcing (CRU-NCEP) used for LSMs, in particular with respect to radiation, whose values are retrieved from cloudiness visual observations at sparse CRU stations. c. We found a reasonably good representation of the LAI effect on turbulent fluxes on grasses over most of the climatological gradients and on net radiation in warm climates (Figures 6 and 7) . In general higher model performance emerge under large year-to-year variations in LAI both at annual and seasonal scale (e.g., arid regions, beginning of the growing season, Figure 10 ), thus emphasizing the key role of LAI in mediating biophysical processes in LSMs. These proven strengths increase the confidence on how certain processes are represented in LSMs. d. An overall best or worst performing model does not emerge from the intermodel comparison (e.g., Figures  9 and 10 ). The analysis suggests what models work better/worse with respect to certain climate conditions and land surface energy fluxes. We recognize that the employed scoring metrics may only partially characterize the model performance (Bennett et al., 2013) . However, we argue that the selected metrics help to characterize the typology of model error, key information to develop suitable strategies for model improvements. Furthermore, the analysis of the vegetation-biophysics relationships through bioclimatic spaces offers a detailed inspection of the model capability to reproduce surface energy fluxes under gradients in vegetation cover and different climate backgrounds. The range in model performance gives a clear indication that improvements are expected to be achievable for those metrics and bioclimatic conditions where another model already performs better. We point out that differences in spatial resolution amongst LSMs might have influenced the results of the model intercomparison. For instance, due the lower resolution JULES necessarily exhibits fewer spatial degrees of freedom compared to the other models, up to a level that may have ultimately affected the spatial correlation tests against observations. However, in our analysis scoring metrics are evaluated over the climatological space and the full spectrum of LAI variability, whose spatial resolution is coarser than the model grids and therefore have likely minimized the potential artifact induced the heterogeneous model resolution. For this reason, we believe that our results and conclusions have not been substantially affected by the differences in spatial resolution between model runs.
Previous studies on data-model comparison of energy balance terms have been mostly devoted to assessing model capability to simulate radiative and nonradiative fluxes, not explicitly accounting for
Journal of Advances in Modeling Earth Systems 10.1002/2018MS001284 the interactions with vegetation changes (e.g., Abramowitz, 2012; Abramowitz et al., 2008; Best et al., 2015; Kelley et al., 2013) . The few studies that have investigated model performance in representing the vegetation effects have focused on evaluating land surface phenology and trends in greenness (e.g., Murray-Tortarolo et al., 2013) . Improved parameterization and phenology schemes have been developed to optimize the agreement between model simulations and observation-derived estimates of seasonal vegetation dynamics (Forkel et al., 2014; MacBean et al., 2015) . We argue that such approaches can only partially characterize the model capability to represent the covariability of multiple LAI-related biophysical processes. By focusing on the relationships between concurrent year-to-year variations in LAI and surface energy fluxes, and thus filtering out possible long-term dependencies on covariates, this study provides a novel and complementary assessment of model performances. Our findings help to identify knowledge gaps and improve model representation of the sensitivity of biophysical processes to changes in leaf area density. This is of crucial importance due to the observed widespread greening of Earth occurred in the last decades (Zhu et al., 2016) and its feedbacks into the climate system (Forzieri et al., 2017; Zeng et al., 2017) . In particular, comparing models and observations over a wide range of climate and vegetation conditions, as analyzed here, allowed capturing the nonlinearity of system responses that may emerge more frequently in future climate scenarios (Luo et al., 2011; Pitman et al., 2011) . Areas with low variation in LAI and high sensitivity of energy terms could particularly benefit from such model developments. An enhanced sensitivity of modeled biophysical processes to changes in leaf area based on the reported diagnostics could significantly help to improve their representation of land-atmosphere interactions. Climate projections could also benefit from an increased confidence in our capacity to model the energy balance response to interannual variations in LAI, not least with respect to simulating the greening of the planet (Mahowald et al., 2016) and forest expansion (Davies-Barnard et al., 2015; Liddicoat et al., 2013) , both of which are expected to contribute significantly to future carbon sinks.
